This study focuses on analyzing the slope stabilities in a landslide-prone area of Yingxiu Town, Sichuan Province (China). Airborne Laser Scanning (ALS) data were acquired to derive a Digital Elevation Model (DEM) with sufficient accuracy and resolution, as an input for the regional landslide stability analysis. The one-dimensional hydrological model -Stability Index Map (SINMAP), functioning with topographic data, geological settings, and rainfall conditions, was used as a simplified model for slope stability mapping. In this study, the investigated region was classified into six stability levels, and data reliability was subsequently checked with reference to recent landslide inventories. Several experiments have shown that the quality of ALS data played a key-role in the slope stability inside the SINMAP model regarding the point cloud density and the random error. Higher point cloud density may construct higher precision of DEM, however, it may also produce more noises. Although with these uncertainties, using ALS data and its derived high precision DEM, the physically-based SINMAP model is expected to provide a solid basis for further landslide susceptibility mapping at regional scale.
Introduction
During last decades, landslides have caused great human and economic losses in southwestern China. Yingxiu is one of the most critical areas that were affected by shallow landslides [Cui et al., 2009 Xu et al., 2009; Gorum et al., 2011] . In particular, the "5.12" Wenchuan Earthquake (Ms = 8.0; epicenter at 31.0°N, 103.4°E) that struck this area on May 5, 2008, weakened and loosened the structural settings at regional scale, consequently increasing the landslide occurrences due to intensive rainfall [Cui et al., 2009; Xu and Xu, 2013] . Effective approaches for evaluating and predicting runoff distances of shallow landslides are urgently needed from social, environmental, and economic perspectives in the Yingxiu area. Recently, abundant slope stability studies have been conducted based on various methods, spanning from geological field surveys to remote-sensing techniques based on data collected from satellites and aerial vehicles [Lu et al., 2011; Li et al., 2016] , aircrafts and Unmanned Aerial Vehicles (UAV, Turner et al. [2015] , SAR Interferometry [Lu et al., 2010 [Lu et al., , 2012 [Lu et al., , 2014a and spatial sensor network [Qiao et al., 2013; Lu et al., 2015a] . Topographic data representing slopes potentially affected by shallow landslides are particularly important if sufficient spatial resolution and accuracy can be achieved. In general, Digital Elevation Models (DEM) can be derived from photogrammetric data processing of optical images and from laser scanning point clouds. Nevertheless, photogrammetry is a passive technique that may be strongly influenced by the quality of sunlight and surface texture. In contrast, Light Detection and Ranging (LiDAR) is an active technique and the measurement process is nearly independent of the weather conditions and acquisition time. These properties are important when the measurement operates in rainy and cloudy mountainous areas, such as those slopes in the Yinxiu area. The implementation of LiDAR sensors on airborne platforms and the integration of geo-position sensors (Airborne Laser Scanning, ALS) is able to provide a reliable DEM that can be used for regional investigation with accuracy (horizontal and vertical) and spatial resolution at sub-meter level [Sekiguchi and Sato, 2004; Reutebush et al., 2005] . The accuracy and spatial resolution are better than those products generated from conventional topographic methods [Jaboyedoff et al., 2012] . Therefore, ALS generally has more advantages than photogrammetry for producing decent resolution DEM. Also, ALS does not require texture data, offers nearly instantaneous availability of the digital model (no heavy post-processing required) and is operational during the day/night and under weather conditions that are not favourable for photogrammetry. All of these key-points are important when considering landslide stability analysis applications. After DEM construction, a suitable model is required for landslide stability analysis. Recently, most researchers have used statistical and physically-based models to investigate shallow landslides [Hong et al., 2015; Lu et al., 2014b Lu et al., , 2015b . Statistical models can also derive their predictions from external observations of triggering factors [Carrara et al., 1991; Lee, 2005] . However, most parameters are subjective and difficult to be quantitatively measured in the field. Physically-based models are advantageous because they also consider physical landslide mechanisms. Therefore, preference was given to the popular physically-based model of Stability Index Map [SINMAP, Pack et al., 1998 ], which can be well implemented in a Geographical Information System (GIS) environment. The GIS-based SINMAP model is a simplified infinite slope stability model that incorporates a topography-based hydrological model TOPMODEL [Hammond et al., 1992; Beven et al., 1995] . This model can accommodate uncertain soil density, cohesion, and internal friction values using a uniform probability distribution. This model requires a precise DEM, which can be precisely estimated from LiDAR data. The SINMAP model can quickly identify hazardous regions and provide a detailed assessment based on relatively coarse information. This method reduces the difficulties associated with data acquisition in harsh environments, such as in mountainous regions. In addition, landslide risk can be further assessed using the SINMAP model combining with remote sensing and GIS data. A stability index (SI) can be defined and evaluated to determine the slope stability levels based on different safety factor (FS) values. The output slope stability map can be used later as a tool for land use planning, landslide hazard management and risk governance. This can be usually implemented within the GIS environment [Van Western, 2000] . In this study, the slope stability of the landslide-prone Yingxiu region in Sichuan Province of China was investigated using ALS data and the SINMAP model. This paper includes a brief presentation of the Yingxiu study area, an introduction of the ALS data acquisition and processing, a description of the slope stability analysis, and derived results and discussion.
Study area
The Yingxiu area is located in Sichuan Province, China (red rectangle in Fig. 1 ), and covers a total area of 142.20 km2. Five administration units are included: Yinxing Village (A), the town of Yingxiu (B), Baihua Village (C), the town of Xuankou (D) and Dujiangyan City (E). From a geological perspective, the materials in the region are generally characterized as loose soils with silt and clay textures, and the exposed lithology mainly consists of sandstone, diorite, biotite, granite, and granodiorite, with rock fissures due to weathering that facilitate water infiltration . According to the local geological hazards investigation report in 2005 [Yang et al., 2005] , the annual average precipitation is about 1,285.1 mm. The Minjiang River, which is bordered by steep mountains, corresponds to the main surface flow in the region. Prolonged groundwater circulation and river erosion likely create ideal conditions for shallow runoff, which may bring an unstable region with frequent landslides and debris flows. Moreover, this region was strongly shocked by the "5.12" Wenchuan earthquake in 2008, which generated a 250-km surface rupture along the Yingxiu-Beichuan fault system (green dashed line in Fig. 1 ) that exactly crosses the study area. After the Wenchuan earthquake, the number of landslide occurrences and their related casualties significantly increased, largely due to changes in the geological structure, which decreased the slope stability. During the rainy season, the Yingxiu area suffers annually from landslide disasters that affect residents, properties, and infrastructures . As a result, considerable economical investments and resources have been used to investigate geo-disasters and identify landslide-prone areas in this region. 
Methodology

ALS data acquisition and processing
ALS data acquisition
The ALS flight mission was performed to optimize the quality of topographic data in the Yinxiu area. The most critical aspect of the project was related to the presence of relief and steep slopes in this region, which may achieve a non-homogenous ALS data resolution. The aerial LiDAR flight scheme consisted of several overlapping flight lines that covered the entire region. The average overlap between adjacent strips was designated as 30%. The flight height was approximately 2500 m a.s.l., and the ALS data were collected using a Leica ALS70 sensor. The mission was accomplished on 29 August 2009, about 15 months after the Wenchuan earthquake. A point cloud of 8.5 billion elevation points covering an area of approximately 142.20 km 2 was obtained. Multi-echo returns were recorded and archived. The point cloud data included ground, vegetation, and building points, with a slightly lower density in the vegetated areas than that in the open areas because of the higher variations in local height. The average point distribution was about 6 points /m 2 , which was sufficient for describing the topographical features and earthquake-induced changes. Filtering of nonterrain points was conducted using the Terrasolid ® software, version 013.006. The acquired ALS point cloud data were processed with four steps: (1) pre-processing; (2) noise filtering; (3) ground-point extraction and (4) result validation (see the detailed workflow in Fig. 2 ). During the first step, the ALS data were checked to determine their quality and the correctness of the attributes, such as the coordinate system, flight information, and other metadata. Several noisy regions were observed in the LiDAR datasets, which were probably due to multipath measurement errors, flying spots caused by the reflection of low-flying objects, and spare nodes. The second step was mainly based on the height algorithm, which compares the local elevation of the centre point with other points in a local neighbourhood. The remaining points after filtering represented the actual object points that were captured over vegetation, buildings and the ground. Considering that only ground points were needed for DEM construction in the third step, the extraction was accomplished by using the Triangulated Irregular Network (TIN) filtering method [Axelsson, 2000] . This method consists of the following three steps: (1) choosing lower elevation points to build the TIN, (2) iteratively filtering new ground laser points over the TIN based on distance and angle, with each additional surface point approximating the model to reality, and (3) classification of ground points according to the ground type. After extraction, the removed points were checked by comparing themselves with the DEM and by statistical analysis of the residuals. On one hand, the DEM smoothness was analyzed under the assumption that any local elevation gaps could indicate some non-ground points that were correctly eliminated. On the other hand, this analysis ensured that all values were within a reasonable elevation range. For example, Z values could not be negative or one million, and should correspond to the height of the area. After the processing of the ALS point cloud, the average density of the final ground point was 2 points /m 2 . These ground points were used to construct a 10 x 10 m grid DEM based on the standard Kriging interpolation. As mentioned in Section "Intoduction", ALS data are generally suitable for producing highresolution DEM in mountainous regions. However, several limitations may be involved in this process. First, several systematic errors may occur, such as errors due to system calibration, geo-referencing, strip alignment and merging, and missing data. Second, the amount of ALS data may be large, which can result in longer processing times and call for high-performance computers. Third, the quality of the final slope stability map depends directly on data filtering. If the adopted filtering algorithm does not work properly, the DEM will not represent the actual terrain and the final slope instability evaluation will introduce bias.
ALS data processing
The SINMAP model Theory Geological characteristics of terrain are one of the main factors that control landslide occurrence. However, the Yingxiu area is large and does not allow a detailed consideration of all geological data. The SINMAP model is particularly suitable for coping with this problem because it combines hydrological conditions, geological data and topography. Hydrological conditions are very important for triggering shallow landslides because rainfall and groundwater circulation may influence the soil moisture and cause flow convergence in catchments where landslides frequently occur. Thus, in the SINMAP model, the 'specific catchment area' (a) is defined as the upslope contributing area of the catchment per unit of contour length [m 2 /m] (Fig. 3 ). This parameter is closely tied to hydrological models that represent runoff generation as saturation from below [Beven and Kirby, 1979; O'loughlin, 1986; Moore and O'loughlin, 1988; Moore and Grayson, 1991] . To evaluate the water contribution, a wetness index (w) is calculated based on the TOPMODEL theory [Beven and Kirby, 1979] : The SINMAP model [Reutebush et al., 2005] is based on the infinite slope stability [Hammond et al., 1992] and the hydrological theories [Dietrich et al., 1995] , with a factor safety (FS) defined as follows:
where r=ρ w /ρ s is the density ratio between the water and soil (ρ w and ρ s [kg/m 3 ], respectively), φ is the internal friction angle of the soil, and D is the vertical soil depth [m] . C corresponds to the dimensionless combined cohesion, which is computed from the root cohesion (C r ) and soil cohesion (C s ) as follows:
where g is the gravitational acceleration (9.81 m/s 2 ) and Eqs.
[2] and [3] were combined to obtain the FS as follows:
Theoretically, when FS > 1 the slope is considered stable and when FS ≤ 1 the slope is considered unstable. In practical applications, the input parameters cannot be properly evaluated for several reasons, including uncertainties of direct and indirect measurements, the necessary model approximations that are needed to define parameters in Equation [4] , and the uneven geotechnical conditions in the investigated region. To cope with this problem, the SINMAP model allows variability in cohesion, internal friction angle, and R/T ratio by using a uniform probability distribution in a specified domain. According to various combinations of maximum and minimum values for the input parameters, two extreme values of FS (FS min and FS max ) were calculated and implemented to define the stability index (SI), which determines the slope stability as follows:
Equation [5] shows that three independent calculation processes were used to calculate the SI according to the maximum and minimum FS. Six safety classes were defined according to the SI value (Tab. 1). From class 1 to 3 the slope can be considered unstable, and the other classes represent different degrees of stability. 
Data collection and processing
The geotechnical properties of the soils in the study area are shown in Table 2 . These values were derived from published reports and inverse modelling. The rock type was organized in 12 classes, depending on the rock layer attributes (Fig. 4) . The main rock type of the study area is composed of Lithic quartz sandstone, siltstone, mudstone with conglomerate and marl, mainly medium-fine biotite adamelli in the North, and sand gravel along the Minjiang River. The maximum and minimum values for all types were calculated for the entire region. Although rainfall is assumed to be a triggering factor for shallow landslides, no consensus exists regarding a threshold value for this study area. Consequently, the maximum alert value for the 2001-2013 rainy season was selected based on the news in the media and the geological hazard investigation report. The rainfall lasted more than 12 hours and the cumulative precipitation reached 105.2 mm, which triggered a number of landslides. Therefore, the rainfall intensity of 8.76 mm/h was selected as the maximum alert threshold for landslide occurrence [Yang et al., 2005] . The open-source code SINMAP 2.0 (http://hydrology.usu.edu/sinmap2/) developed by Utah State University [Logan, Utah, USA] was implemented in this study. This code can be run as a plug-in in ArcGIS. The four raster maps derived from the LiDAR DEM were used as input for the SINMAP model ( Fig. 5): (1) the pit-filled DEM map, (2) the slope angle map, (3) the water-flow direction map and (4) the specific catchment area map.The elevation in the study ranges from 799 m to 2027 m a.s.l., and the maximum slope angle is 83°. The water-flow direction (ranging from 0-2π) represents the compass direction of the flow, and the angle of the direction is defined in a counter-clockwise direction from the East. The specific catchment area is divided in seven classes using intervals based on powers of 10 (i.e., 1, 10, 10 2 , …, 10 6 ). This parameter represents the drainage network. The raster maps, geotechnical parameters and rainfall rates have been chosen as input parameters in SINMAP 2.0 to calculate the final slope stability map. A safety index (SI) ranging from 0-10 was computed for each raster cell of 10 × 10 m 2 . Then, the ESRI ArcGIS software (version 9.3) was used to transform the cloud of irregularly spaced elevation points to a regular 10m grid as a trade-off between the SINMAP requirements and the computational effort.
Results and discussion
Relationship between terrain and landslide occurrence When compared with the image from Google Earth (Fig. 1) , the three-dimensional DEM appears to provide a reliable reproduction of the actual terrain characteristics (Fig. 6 ). An inventory of recent shallow landslides data was collected during ). Each event is described by its geographic location and two attributes (name and time of occurrence). Most landslides were triggered by precipitation during June-August, with significant higher frequencies along the National Road 213, the Highway 31, and the town of Xuankou. Most of the landslides occurred in the north of the Yingxiu area, which is known as a typical landslide-prone region (Fig. 6) . The DEM revealed a concentration of landslides that occurred in steep mountains along the Minjiang River, with several events located at the mountain toe, which is easily eroded by long-term river scouring. Other landslides occurred in the middle of mountain slopes or near the mountaintops where the gradient is relatively steeper. These slopes corresponded to inner gorges or valleys [Kelsey, 1988; Chigira et al., 2010] . The presence of many main roads along the Minjiang Valley may explain why nearly half of the landslides occurred there. Indeed, road cuts are significant predisposing factors for triggering landslides. In addition, topography as well as other geographic conditions (for example, the proximity to rivers), plays an important role in the development of shallow landslides. 
Slope stability distribution
According to the stability levels listed in Table 1 , the study area was classified into six categories from unstable to stable. Table 4 shows the extension of each safety class, and the spatial distributions of each class can be found in Figure 7 . Here, the unstable areas are characterized as red (class 1), orange (class 2), and yellow (class 3) zones. In addition, purple circles were used to highlight the areas of highest hazard (class 1). By overlaying a layer that reproduces human settlements in the same region, the slope stability map can be used to identify high risky areas for inhabitants and infrastructures. The human settlement maps include parts of the administrative units of the Yinxing Village, the towns of Yingxiu and Xuankou, and Dujiangyan City (purple triangular points in Fig. 7 ). Some points, such as those for the town of Yingxiu and Xuankou Village, were within the unstable region predicted by the SINMAP model, which indicated the need for additional protection measurements in these areas. The unstable regions (lower SI) accounted for 14.43% of the total area, while the stable regions accounted for 85.57% (Tab. 4). The red and orange zones are mainly located in the northwest of the study area and near the regional boundary, and the remaining zones are mostly located on the steep mountains in the south along the Minjiang River. The terrains in those stable areas (identified as cyan (class 4), blue (class 5), and aqua (class 6) zones) are flat and far away from the river. To understand the frequently landslide occurrences along the riverside, further studies analyzing the detailed river profiles may be needed to deeply investigate the influence of active tectonics [Lu and Shang, 2015] . The landslide occurrences may also be associated with regional active tectonics since river profiles may be tightly associated with active tectonics. By analyzing the slope stability, it may conclude that topography and slope are the main factors that influence the landslide occurrence in this study area when the amount of rainfall was considered to be similar over the entire region. 
The outcomes from both studies confirmed that the northwest region of the Yingxiu area is more susceptible to shallow landslides. To validate this conclusion, 32 recent landslides (indicated by black points in Fig. 7) were overlapped with the slope stability map. The result confirmed that previous events were mainly located in the northwest region of the Yingxiu area, classifying the area as having a higher collapse risk. Twenty-six recent landslides (81.25%) occurred in the regions were classified as unstable in the present study (see Tab. 4). Furthermore, the high instability hazard (class 1) features the highest density of past landslides, and the landslide density decreases from the unstable to stable zones [Sarkar and Kanungo, 2004; Bijukchhen et al., 2013] . The fractions of landslide occurrence in each class also validated the results obtained from this study. In fact, the area with the highest instability hazard (2.86% of the total) contained 40.62% of past landslides (see Tab. 4). However, the landslide occurrence fraction in the low instability hazard zone is greater than that in the medium instability hazard zone. This controversial result could be motivated by the existence of other triggering factors that have not been considered by the SINMAP model, for example, possible mineral exploitation and land use. The landslide record focuses on the following three regions: the boundary between Yinxing Village and the town of Yingxiu, the center of the town of Yingxiu, and the boundary between the towns of Yingxiu and Xuankou. In addition, the reliability of the validation process may depend on the geo-positional accuracy of previous events. In some cases, such accuracy may suffer from the approximations used in the coordinate transformations, geo-referencing errors, etc. On the other hand, the precision of landslide locations is important for SINMAP predictions. After the conclusion that the results obtained from the SINMAP model at the regional level agree with the results of a previous study and are consistent to landslide inventory data, a more detailed analysis will be conducted to achieve a more complete understanding. Nevertheless, the high instability hazard was calculated using a combination of upper and lower input parameter limits. When the combined values do not reach a stable condition, the slope was defined as a high instability hazard zone. Under such conditions, bare slopes or slopes devoid of soil cover may lead to erroneous results; in this case, the results calculated by the SINMAP model will not be reliable [Terhorst and Kreja, 2009; Deb and El-Kadi, 2009] .
Comparison with recent landslide data
Figure 8 -Scatter plot of the six slope-specific catchment areas.
The slope stability map in Figure 6 contains 1200 × 1889 pixels (length × width for a total of 2,266,800 pixels). This area covers a dimension of 1.2 × 18.9 km (the orientation of the vertical axis is towards the north). Considering the speed of computation and the size of the map, several points were sampled to show the distribution in the study area. The selection ratio was set to 1:1000. Thus, 2000 random points were selected as samples from the entire area, corresponding to 14 sample points per square kilometer, to indicate the distributions of the slope gradients and specific catchments. Figure 8 shows six results for the distribution of randomly selected samples and recent landslides in a slope-specific catchment area scatter plot with sample scattering at different slope stability levels [Reutebuch et al., 2005] . In this plot, the space was split into six SI classes by five lines from left to right with SI steps of 1.5, 1.25, 1.0, 0.5, and 0.0, respectively. Most of the sample points (circle points in Fig. 8) were gathered in the middle of the plot, mainly in classes 3 and 4, at slope angles of 30-55° and with specific catchment areas of 10-1000 m. The positions of previous shallow landslides (blue points in Fig. 8 ) revealed that most shallow landslides were located in unstable regions (9 on class 3, 4 on class 2, and 13 on class 1). Seventeen landslides occurred at slope angles greater than 35° and in specific catchment areas of less than 1000 m. The lines splitting four horizontal zones (Fig. 8 ) revealed the following soil water saturation conditions: saturated, unsaturated, and wet (=10%). Most of the random sampling points were unsaturated, and all recent landslides occurred under unsaturated soil conditions. Thus, the results indicated that loose soil textures could trigger landslides during the rainfall-infiltration state before runoff occurs.
Discussion on the influences of ALS data
Influence of point cloud density
Five datasets were derived from the original filtered point cloud by using the following decimation factors: 5, 10, 25, 100, and 200. Then, five new DEM with a spatial resolution of 10 m were derived from such datasets. To analyse the influences of point cloud density on the precision of each DEM, the elevations of those points in the original DEM (Z i ) were used as reference values. The elevations of corresponding points in the decimated DEM (z i d , where d refers to the decimation level) were compared with the reference points. The root mean square error (RMSE) was selected as a metric to evaluate the DEM precision as follows:
where n is the number of points. Slope stability analyses were repeated by applying the SINMAP model to these five datasets after decimation. The precision of slope stability evaluation was evaluated for each dataset with reference to the original data precision. The precision D-value, which is defined as the standard deviation of the slope stability classification between a generic decimated point cloud and the reference point cloud, was also adopted as a metric (Tab. 5). When the point cloud density was lower, the RMSE of the corresponding DEM increased and the accuracy of the slope stability evaluation decreased. As shown in Figure 9 , the RMSE increased nearly linearly as a function of the decimation factor, indicating that the point cloud density and the DEM accuracy are linearly related. The behaviour of D-value is similar to that of a quadratic curve and shows a clear change in the correspondence of decimation factor 20. Thus, when the point cloud density is high, small density changes may generate large slope stability variations. On the other hand, when the point cloud density is low, the DEM precision is not significantly affected. 
Influence of random errors
Five sets of ALS data were derived from the original laser point cloud. Gaussian distributed noise with s = 2 m was added to the point coordinates to simulate different levels of random errors. As shown in Table 6 , Gaussian noise was introduced in the original dataset and in two decimated datasets that were used in the first group of experiments (according to decimation factors 10 and 100, respectively). Next, five DEM samples with the same spatial resolution as the original data were created from all datasets listed in Table 6 . By applying the SINMAP model, five slope stability maps were derived for the study area (see Fig. 10 ). From the slope stability maps in Figure  10 , the spatial distributions of the unstable areas featured the same general trends with different point cloud densities and Gaussian noise. However, the extension of unstable regions is different. Table 7 shows the statistical results of the slope stability maps in the case of different datasets. A comparison between the slope stability maps derived from non-corrupted data and from data with Gaussian noise at the same point cloud density was conducted. This result indicates that the unstable regions have always been largely overestimated when applying noisy data. This was confirmed by the statistical results as indicated in Table 7 . Regarding the original point density, the total unstable region was 14.43%, which increased to 20.08% when using corrupted data. For the decimated data (factor 10), the non-corrupted data caused an estimated unstable region of 11.95% (dataset 2), while the noisy data brought an estimated unstable region of 19.55% (dataset 3). Similarly, with a decimation factor of 100, an estimated unstable region of 9.29% was obtained from non-noisy data (dataset 4) and an estimated unstable region of 15.31% was obtained from noisy observations (dataset 5). When comparing the precision validated by recent landslides in each group, dataset 4 showed the lowest precision (50.00%). In addition, as shown in Figure 11 , the precision decreased as the decimation scale increased. When data at the original point density were used, the precision of the slope stability map based on noisy data was lower than that without added noise. Nevertheless, with the higher decimation factor, the opposite behaviour was observed. The two experiments of point cloud density and random errors indicated that the data quality had a significant effect on the slope stability analysis for the SINMAP model. Particularly, the point cloud density and the adopted point-cloud-filtering algorithm to reduce the effects of noise are two important factors. 
Conclusion
This study has addressed the application of ALS data for investigating slope stability in the Yingxiu area (Sichuan Province, China), where massive occurrences of shallow landslides were reported after the 2008 Wenchuan Earthquake. A simplified infinite slope stability model, SINMAP, was utilized in this work. The analysis is based on the high precision topography data derived from ALS. Several internal and external factors (e.g., soil texture, terrain lithology and precipitation) were used in the SINMAP model to assess the slope stability in the Yingxiu area. The major advantages of the utilized SINMAP model include its simplicity and the possibility of accommodating uncertain parameters by specifying upper and lower limits based on a uniform probability distribution. This option is proven to be useful in the Yingxiu area because the precision of precipitation data obtained from media and past reports may be insufficient for a dynamic simulation of rainfall, thus possibly introducing significant errors. The SINMAP model was deployed to classify the slope stability of the Yingxiu area into six different levels. With reference to recent shallow landslide inventory, 81.25% of the previous events were found present in areas that were classified as unstable in this study. By comparing a slope stability map with local residential maps, it appears that most susceptible regions are located in steep slopes and along riversides. In addition, the possible influence of the ALS data quality on the DEM generation has been deeply investigated in this study.
In the first group of experiments, the influence of the original ALS point density was tested by decimated point clouds. Given that an average ALS resolution of 6 points/m 2 , the experiments have demonstrated that the derived DEM quality may be very different when a decimation factor is applied. In the second group of experiments, additional Gaussian noise was added to the original point cloud to understand the effects of noise on the estimated slope stability map. In this case, the addition of noise brought a potential overestimation of unstable areas. As a result, the ALS data quality had a large impact on the analysis of slope stability using the SINMAP model. The point cloud density of the original ALS data and the filtering algorithm for mitigating the effects of noise can be identified as two key-elements that need to be carefully controlled. Further study will focus on broadening the SINMAP functions to integrate different geological parameters and soil factors with multiple dimensions and to possibly evaluate landslide stability at different scales.
